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Background

Transformers has a Quadratic Complexity O(N?d) with respect to sequence length.

High Resolution Images Videos




Background

Softmax Attention Linear Attention
v High expressive capability ,7 x Inferior performance
x Quadratic complexity O(N?d) "/ - v" Linear complexity O(Nd?)
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Injectivity of Attention Function

Softmax Attn: Sg:R% - RY, Sg(Q;) = xp(0/ 1) ZB0l) T
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L Attn: LR > RV, L ;) = 000,
near At Rk KO = IS s @Te(K) T 6@ B(K)

Proposition 1 -- Softmax Attn is Injective:

Given K € R¥*? with rank(K) = d,rank([K,1]) = d + 1.Vp,q € R%,p # q,we have Sk(p) # Sk(q).

Proposition 2 -- Linear Attn is Not Injective:

Let ¢: R* - R? be acontinuous function.3p,q € R%,p # q,s.t.Lx(p) = Lx(q).



Injectivity of Attention Function
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Injectivity of Attention Function
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Injective Linear Attention

Injective Linear Attn:

1 1
InLy Q) = [$(QD TP (KD, -, d(QD KT — = X)L1 (@) (K)) +

Proposition 3 -- Injective Linear Attn is Injective:

Let : R* - R? be an injective map.
Given K € RV*? with rank(qb(l()) = d,rank([¢p(K),1]) =d + 1.
Vp, q € R%, p # q,we have InLg(p) # InLg(q).




Injectivity of Attention Function
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Injectivity of Attention Function
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Local Modeling Capability

Image Softmax Attn Linear Attn InLine Attn Image Softmax Attn Linear Attn InLine Attn

Mask Out Position | None | Loc. 343 Lloc. 545 Loc. 747 |Rand 9 Rand 25 Rand 49
Softmax Attn 72.2 51.6 243 9.0 71.7 71.5 71.1
InLine Attn 70.0 58.0 40.0 20.0 70.0 69.9 69.5




Local Modeling Capability

Injective Linear Attn:

1 1
InLy Q) = [$(QD TP (KD, -, p(QD KT = = L1 0(Q)T(K)) +

InLine Attention Module:

0; = InLg(Q)V H X0, V" ) 7 = MLP(®)




Empirical Study

v The impact of injective property:

Kernel Function ¢(-) | ReLU(:) ReLU(A-+b) LeakyReLU(-) Identity(-)
Linear Attn 77.3 70.2 1.5 0.2
InLine Attn 79.8 80.0 79.8 80.2

v" Local modeling ability:

Window FLOPs #Param | Acc. Window FLOPs #Param | Acc.

7° 45G 30M |80.3 72 45G 30M |[81.6

InLine-Swin-T| 14>  45G 30M |80.4 InLine-Swin-T| 142 45G 30M |82.1
w/o tes. 282 45G  30M |80.2 w/ tes. 282  4.5G 30M |823
562 45G  30M |[80.2 562  4.5G  30M | 824




Empirical Study

v Performances on ImageNet-1K:

Method |Reso #Params FLOPs|Top-1 Method |Reso #Params FLOPs|Top-1
DeiT-T [30] [2242 57M  1.2G |72.2 Swin-T[19] [2242 29M  4.5G [81.3
InLine-DeiT-T| 2242 6.5M 1.1G 74.5+23) InLine-Swin-T 2242 30M 4.5G |82.4 (+1.1)
DeiT-B 2242 86.6M 17.6G |81.8 Swin-S 2242  50M  8.7G |83.0
InLine-DeiT-B | 4482 23.8M 17.2G 82305 InLine-Swin-S 2242 50M 8.7G [83.6 (+0.6)
PVT-S 2242 245M  3.8G [79.8 Swin-B 2242 88M  15.4G |[83.5
InLine-PVT-S (2242 21.6M 39G 82.0+22 InLine-Swin-B 224° 88M 15.4G |84.1 (+0.6)
PVT-L 224% 614M 9.8G |81.7 Swin-B 3842 88M 47.0G |84.5
InLine-PVT-L | 2242 502M 102G 83.6 +1.9) InLine-Swin-B| 384> 88M  45.2G [85.0 (+0.5




Empirical Study

v' Speed measurements:
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(o] 00 0] 00}
= N w R

Q0
o

% PVT
" —#— InLine-PVT (ours)
Swin
—8— |[nLine-Swin (ours)

1.0 1.5 2.0

(a) Runtime (ms)

P —0

M
) 1.9x
3.7x
l

k- Swin-T
—e— InLine-Swin-T 'm
7 14 28 56

(b) Window Size

FPS

103

102

~m- DeiTT -4.8x
—8— |InLine-DeiT-T
224 384 640 1024
(c)  Resolution




Empirical Study

v’ Performances on downstream tasks:

(a) Mask R-CNN Object Detection on COCO

Method FLOPs | Sch. | AP® AP%, APL | AP™ APZ AP
PVT-T 240G | 1x [36.7 59.2 393|351 567 373
InLine-PVT-T | 211G | 1x |40.2 62.7 438 | 37.7 59.7 404
PVT-S 305G | 1x [404 629 438 |37.8 60.1 403
InLine-PVT-S | 250G | 1x |43.4 664 47.1 | 40.1 63.1 433
PVT-M 392G | Ix |42.0 644 456|390 616 42.1
InLine-PVT-M | 310G | 1x [44.0 664 48.0 403 634 435
PVT-L 494G | 1x |429 650 466|395 619 425

InLine-PVT-L | 377G | 1x | 454 67.6 497 | 414 64.7 44.6
(b) Cascade Mask R-CNN Object Detection on COCO

Method FLOPs | Sch. | AP® AP%, APL | AP™ APZ AP
Swin-S 837G | 3x |51.9 707 563|450 682 488
InLine-Swin-S | 835G | 3x [524 71.0 569 | 454 68.8 49.6
Swin-B 981G | 3x [51.9 705 564 | 450 68.1 489

InLine-Swin-B | 978G | 3x | 52.6 71.0 57.0 454 685 493




Take-away Messages

Injective Linear Attention (InLine)

v" The injectivity of attention function is of crucial importance
v" Local modeling is essential to attention

v" InLine: a simple, fast and effective linear attention module
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Thank youl!

Contact: hdc23@mails.tsinghua.edu.cn
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